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ABSTRACT
Numerousresearchershave reportedsuccessin reasoning
aboutpropertiesof small programsusingfinite-stateverifi-
cationtechniques.We believe,asdomostresearchersin this
area,that in order to scalethoseinitial successesto realis-
tic programs,aggressiveabstractionof programdatawill be
necessary. Furthermore,webelievethatto makeabstraction-
basedverificationusableby non-expertssignificanttool sup-
portwill berequired.

In this paper, we describehow several different program
analysisand transformationtechniquesare integratedinto
theBanderatoolsetto provide facilitiesfor abstractingJava
programsto producecompact,finite-statemodelsthat are
amenableto verification, for examplevia modelchecking.
We illustratetheapplicationof Bandera’s abstractionfacili-
tiesto analyzearealisticmulti-threadedJavaprogram.
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1 INTRODUCTION
Finite-stateverificationtechniques,suchasmodelchecking,
are rekindling interestin programverification. Suchtech-
niquesexhaustively checka finite-statemodelof a system
for violationsof a systemrequirementformally specifiedas
an assertionor in a temporallogic (e.g., LTL [13]). This
approachallows for a very high-level of confidencein sys-
tem correctnessto be achieved essentiallyautomatically—
oncethe modelandpropertyspecificationareconstructed,
the verification is fully automatic,albeit potentially time-
consuming.

There are several obstaclesto applying existing model
checking[11,14] directly to thereasonaboutprograms;for
example,how to efficiently expressmodernobject-oriented
languagefeaturesin the somewhat restrictive verifier input
languages.Perhapsthe greatestobstacleto scalingfinite-
stateverification technologyto reasonabout realistic pro-

grams,however, is the exponentialincreasein the size of
a finite-statemodelas the numberof programcomponents
grows. A varietyof methodsexist for curbingthis stateex-
plosionwhenanalyzingcertaintypesof systems,andthese
methodshave proven sufficient to make analysisof many
hardwaredesignstractable.Unfortunately, softwaresystems
tend to have much more statethan hardware components
and thus must be more aggressively abstractedto produce
tractablemodels.

In this paper, we describean approachto user-guidedab-
stractionof programswrittenin Java; thisapproachis imple-
mentedaspartof theBanderatoolset[4]. Our goal is to en-
ablenon-expertsin programverificationto generateabstract
programmodelsthat arecompactenoughfor tractablever-
ification. While fully-automaticverificationis conceptually
attractive, we believe that minimal input from usersat key
points in the abstractionprocesswill provide significantly
moreflexibility in producingcompactprogrammodels.

Our approachhasbeeninfluencedby a largebody of work
on abstractionin programanalysisandcomputer-aidedver-
ification. Specifically, we adoptthe framework of abstract
interpretation[5], in which an abstraction mapsthe values
of aprogramdatatypeto a setof abstractvaluesandtheop-
erationson thatdatatypeto a functionover abstractvalues;
abstractionof programcontrol is handledin Banderausing
programslicingandpartialevaluationtechniques.

While therehasbeenmuchfoundationalwork on defining
soundabstractionsin transition systemmodels, there has
beenvery little work on developingtool supportfor effec-
tively applyingabstractinterpretationsfor model-reduction
to large code baseswritten in modernprogramminglan-
guageslike Java. We believe that therearefour centralis-
suesthat needto be addressedin this setting: (i) providing
facilities for easilydefiningnew abstractions,(ii ) providing
tool supportandmethodologiesfor selectingappropriateab-
stractions,(iii ) generating abstractprogramsfrom concrete
ones,and(iv) interpretingtheresultsof model-checkingab-
stractprograms.We usea combinationof predicateabstrac-
tion [18] andmanualtechniquesfor creatingthedefinitions
of abstractionsandwestorethesedefinitionsin a library for
usein subsequentprogramverificationactivities. Usersare
guidedin selectingabstractionsbasedon the propertyun-



deranalysisandanalysisof programdependences.We use
typeinference[15] to determinetheappropriateabstractions
for all programdata,basedon the selectionsmadeby the
user. An abstractedprogramis generatedby compilingab-
stractiondefinitionsinto Java representations,and by sys-
tematicallyreplacingconcreteoperationswith calls to ab-
stractoperationsin theJava abstractionrepresentations.Fi-
nally, we make it easierto interpretthe resultsof checking
abstractedcodeby enhancingtheJFPmodel-checkerwith a
facility avoidsgeneratinginfeasiblecounterexamples.

Our work focuseson adaptingtechniquesfrom existing
work, developingnew techniqueswherenecessary, andin-
tegratingthesetogetherto provide anabstractioncapability
that is broadly applicableto programswritten in Java and
is usableby non-experts. While our toolsareJava specific,
the underlyingabstractiontechniquesarenot; muchof our
toolset is capableof analyzingany programdescribedin
termsof JVM bytecodes. In addition, while much of our
discussionfocusesonverificationof programproperties,our
tools allow for “unsafe” abstractionsto be used;thesecan
provide for additionalcompactionof finite-statemodelsthat
areusefulfor bugfinding.

In the next section,we give a brief overview of the Ban-
derasystem. Section3 outlinesthe underlyingprinciples
on which our abstractiontechniquesare built. Sections4
through7 describeBandera’s tool supportfor definingab-
stractions,selecting abstractionsappropriatefor a given
property, generatingabstractprograms,andinterpretingthe
resultsof model-checkingabstractprograms.Section8 dis-
cussestheexperienceof applyingthesetechniquesto a Java
renderingof theDEOSrealtimekernel. Section9 givesre-
latedwork andSection10concludes.

2 BANDERA
Bandera[4] is an integratedcollectionof programanalysis
and transformationcomponentsthat enableusersto selec-
tively analyzeprogrampropertiesandto tailor the analysis
to that propertyso as to minimize analysistime. Bandera
exploits existing modelcheckers,suchasSPIN [11], SMV
[14], and JPF[20], to provide state-of-the-artanalysisen-
ginesfor checkingprogram-propertycorrespondence.These
toolsvarygreatlyin thespecificationandsystemdescription
languagesthat they acceptandin thekind of feedbackthey
provide to usersaboutthe resultsof the analysis. Bandera
hidesthesedetailsfrom the userandpresentsa singleuni-
form interfaceorientedaroundthe Java sourcetext. There
areseveralmotivationsfor targetingmultiple modelcheck-
ers.Toolsmayhavedifferentperformance,e.g.,SPINis pur-
portedto be an orderof magnitudefasterthanJPF, or may
provideamoreexpressiveinput language,e.g.,JPFtreatsli-
brary codeandprovidessupportfor recursionandgarbage
collectiondirectly. By integratingthesedifferent tools be-
hinda commoninterface,Banderaallows theuserto exploit
their individualstrengths.

Banderaconsistsof fivemajorcomponents:

� propertyspecificationis supportedin Banderathrough
the useof global properties,e.g.,deadlock,andappli-
cationspecificpropertiese.g.,assertionsandtemporal
logic formula. Usersdefineobservationsof theexecu-
tion stateof a Java programaspredicatesoverprogram
locationsand datavaluesin the program. Assertions
andtemporalformulaarethendefinedin termsof those
observations.� program slicing automatesthe eliminationof program
componentsthatirrelevantfor thepropertyunderanaly-
sis.Slicingcriteriaareautomaticallyextractedfrom the
observablepredicatesthat are referencedin the prop-
erty. Our Java slicertreatsmulti-threadedprograms[9]
andis basedon calculationof theprogramdependence
graph.� programabstractionis discussedbelow.� verifier code generation transformsthe sliced, ab-
stractedprograminto the input format of a selected
modelchecker. This componentis alsoresponsiblees-
tablishingthecorrespondencebetweenthestatesof the
input modeland the observablestatesof the program
thatarereferencedin theproperty.� counter-exampleinterpretation involves the mapping
of low-level verifier-specificcounter-examplesbackto
theJava sourcecode. Facilities for navigating through
the counter-exampleanddisplayingthevaluesof both
stackand heapallocateddataare provided througha
debugger-like interface.

To datethesecapabilitieshave provenuseful in supporting
the analysisof small to medium-sizedJava programs(100-
1500lines). Case-studiesarecurrentlybeingconductedon
severallargeJavaprograms(10k-100klines).

3 DATA ABSTRACTION IN VERIFICA TION
Givenaconcreteprogramanda temporalproperty, thestrat-
egy of verificationby usingabstractioncanbesummarized
asfollows: (i) definean abstractionmappingthat is appro-
priatefor thepropertybeingverified,(ii) usetheabstraction
mappingto transformthetemporalpropertyinto anabstract
property, (iii) usethe abstractionmappingto transformthe
concreteprograminto an abstractprogram,(iv) verify that
the abstractprogramsatisfiesthe abstractproperty, (v) in-
fer thattheconcreteprogramsatisfiestheconcreteproperty.
In this section,we summarizesomefoundationalissuesthat
underlieeachof theseitems.

Linear temporal logic
Model-checkingtools often acceptstate/actionsequencing
specificationswritten in linear temporallogic (LTL) [13],
computationaltree logic (CTL) – a branching-timelogic
[14], or automata-basedformalisms.Banderahidesthedif-
ferencesin variousspecificationlanguagesby usinga tool-
independentlanguageof temporalspecificationpatternsfor
renderingtemporalproperties.To simplify our presentation
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here, we use LTL for coding temporalpropertiesof pro-
grams.�
Thegrammarbelow givesgivessyntaxof LTL.
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An LTL specificationdescribesthe intendedbehavior of a
systemonall possibleexecutions.LTL formulasarebuilt up
from primitive propositions

�
,
	

(true),
�

(false),and the
usualpropositionalconnectives,alongwith temporaloper-
ators

�
,
�

,
 

. In this presentation,we considerprimitive
propositions

�
to berelationalexpressionsbetweenprogram

variablesandconstants(e.g.,theproposition(x==0) holds
in stateswherevariablex is zero).Requiringformulasto be
in negation-normalform (negationis only appliedto primi-
tive propositions)simplifiesautomatedreasoningaboutfor-
mulas.For thetemporaloperators,

� �
holdswhen

�
holds

at all pointsin the future,
� �

holdswhen
�

holdsat some
point in thefuture,and

���  ���
holdswhen

���
holdsat all

pointsup to thefirst pointwhere
���

holds.

Abstract interpretations
For verificationof LTL properties,abstractionsarerequired
to preserve propertiesthataretrueof all systemexecutions.
This classof abstractionscannaturallybe describedasab-
stractinterpretations(AI) [5] overthesystem’sexecutionse-
mantics.Theabstractinterpretationframework asdescribed
in a largebodyof literatureestablishesarigoroussemantics-
basedmethodologyfor constructingabstractionssothatthey
are safe in the sensethat they overapproximatethe set of
trueexecutablebehaviors of thesystem,i.e., eachtrueexe-
cutablebehavior is coveredby anabstractexecution.Thus,
whentheseabstractbehaviors areexhaustively comparedto
anLTL specificationandfoundto bein conformance,wecan
besurethatthetrueexecutablesystembehaviorsconformto
thespecification.

We presentanAI in an informal manner, asa collectionof
threecomponents:(1) a domainof abstractvalues,(2) an
abstractionfunctionmappingconcreteprogramvaluesto ab-
stractvalues,and (3) a collectionof abstractprimitive op-
erations(one for eachconcreteoperationin the program).
Substitutingconcreteoperationsappliedto selectedprogram
variableswith correspondingabstractoperationsof an AI
yields an abstractprogramthat is safewith respectto LTL
verification.

For example,consideran LTL specificationcontainingthe
primitive proposition(x==0). Decidingthis specification
at a particularprogramstatedoesnot requirecompletein-
formationaboutthe valueof x — rather, we only needto
know if x is zeroor non-zero. In this case,an appropriate
abstractionfor x might be the classicsignsAI which only
keepstrackof whetheranintegervalueis negative,equalto
zero,or positive. In thethis case,theabstractdomainis the

powersetof thesetof tokens " �$#
neg % zero % pos& . For the

abstractionmapping' , wehave '�(*),+ �-#
neg& when )/.10 ,'�(*),+ �-#

zero & when) � 0 , and'�(*),+ �
#
pos& when)/210 .

Now, oneneedsabstractversionsof eachof thebasicopera-
tionsonintegers.As anexample,hereis thedefinitionof the
abstractversionof theadditionoperation.3

abs zero pos neg

zero 4 zero 5 4 pos5 4 neg 5
pos 4 pos5 4 pos5 4 zero 6 pos6 neg 5
neg 4 neg 5 4 zero 6 pos6 neg 5 4 neg 5

Here,theoperationis definedto have type 7 abs
� "
89";:< (*"=+ andcanbe lifted to 7 > abs

� < (*"=+=8 < (?"=+�: < (*"=+ by

taking 7 > abs(A@ � %B@ � + def�DCFEHGJILKLGBM E?NOILKPN 7 abs(?Q � %RQ � + . For exam-
ple, 7 > abs( # zero &S% # pos% neg&T+ �U#

pos% neg & .
Note that the return of multiple tokens in casessuch as7 abs( neg % pos+ modelsthe lack of knowledgeaboutspecific
abstractvalues.We will seelaterthatthis imprecisionis in-
terpretedin themodel-checkerasanon-deterministicchoice
over the valuesin the set. Suchcasesare one sourceof
“extra behaviors” that onegetsasthe abstractmodelover-
approximatesthesetof trueexecutionbehaviors of thesys-
tem. Theover-approximationis corrector safein thesense
that eachbehavior of 7 on concretevaluesis containedin
thecorrespondingabstractbehavior, i.e., for integers) � and) � , 'V(A7W(*) � %R) � +X+=YZ7 > abs(*'V(?) � +O%B'�(*) � +X+ . Abstractinterpre-
tation frameworksareconstructedso that if oneestablishes
that the safetypropertyabove holds for eachbasicopera-
tor, thenthesetof completeconcreteprogramexecutionare
safelyapproximatedby thesetof abstractexecutions.

Oneof thetenetsof theBanderatoolsis thatthebasicpropo-
sitionsfound in a given temporalspecificationshoulddrive
the selectionof AIs aswell asothermodel-reductiontech-
niquessuchasslicing. In the caseof dataabstraction,one
generallywantsto selectAIs that are“appropriate”for the
specificationin thesensethatthespecification’spropositions
canbedecidedbasedon thedomainof theAIs. For exam-
ple, if the specificationcontainsthe proposition(x==0),
thesignsAI maybeappropriatefor x (becausetheproposi-
tion canbedecidedfor any valueof x from neg, zero, pos),
but it would not be appropriatefor a proposition(x==2)
(becausewhenx is pos, thepropositioncannotbedecided).

Whenabstractingproperties,Banderausesanapproachsim-
ilar to [12]. Informally, given an AI for a variablex (e.g.,
signs)that appearsin a proposition(e.g.,(x>0)) we con-
vert the propositionto a disjunctionof propositionsof the
form x== [ , where [ aretheabstractvaluesthatcorrespond
to valuesthatimply thetruthof theoriginalproposition(e.g.,
x==pos implies x>0, but x==neg and x==zero do not).
Thus,this abstractdisjunctionunder-approximatesthecon-
cretepropositioninsuringthatthepropertyholdsontheorig-
inal programif it doeson theabstractprogram.

4 DEFINING AND COLLECTING ABSTRACTIONS
Banderaprovides a simple declarative specificationlan-
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abstraction Signs abstracts int
begin
TOKENS\ = {NEG, ZERO, POS};

abstract(n) operator + add
begin begin
n < 0 -> {NEG}; (NEG , NEG) -> {NEG} ;
n == 0 -> {ZERO}; (NEG , ZERO) -> {NEG} ;
n > 0 -> {POS}; (ZERO, NEG) -> {NEG} ;

end (ZERO, ZERO) -> {ZERO};
(ZERO, POS) -> {POS} ;
(POS , ZERO) -> {POS} ;
(POS , POS) -> {POS} ;
(_,_) -> {NEG,ZERO,POS};
end

end

Figure1: BASL definitionof SignsAI (excerpts)

guage(namedBanderaAbstractionSpecificationLanguage
(BASL)) that allows usersto definethe threecomponents
of anAI describedabove. Figure1 illustratesthe formatof
BASL for abstractingbasetypesby showing excerptsof the
SignsAI specification.Thespecificationbeginswith a defi-
nition of asetof tokens— theactualabstractdomainwill be
thepowersetof thetokenset.Althoughonecanimagineal-
lowing usersto definearbitrarylatticesfor abstractdomains,
BASL currentlydoesnotprovide thiscapabilitybecausewe
havefoundpowersetsof finite tokensetsto beeasyfor users
to understandand quite effective for verification. Follow-
ing thetokensetdefinition,theuserspecifiestheabstraction
functionwhich mapsconcretevalues(in this case,integers)
to elementsof theabstractdomain.After theabstractfunc-
tion, the BASL specificationfor basetypesmustcontaina
definitionof anabstractoperatorfor eachcorrespondingba-
sic concreteoperator. Figure1 givestheBASL renderingof
theabstractoperator7 abs asdefinedin Section3.

Wenotedin Section3 thatfor theAI to becorrect,eachcon-
crete/abstractoperationpairmustsatisfytheoperationsafety
property. Banderasupportsthis by allowing theuserto sup-
ply only theBASL tokensetandabstractfunctiondefinitions
for integerabstractions,andit automaticallygeneratessafe
abstractoperatordefinitionsusing the elimination method
basedon weakest pre-conditionsfrom [2]. Using this ap-
proachmakesit extremelyeasyfor evennoviceusersto con-
structnew AIs for integers.Givenabinaryconcreteoperator
op, generationof the abstractoperatoropabs appliedto a
particularpair of abstracttokens [ � and [ � proceedsasfol-
lows. Thetool startswith themostgeneraldefinition,i.e., it
assumesthatopabs(H[ � %X[ � + canoutputany of theabstractto-
kens(thistrivially satisfiesthesafetyrequirement).Then,for
eachtokenin theoutput,it checksto see(usingthetheorem
proverPVS[16]) if thesafetypropertywouldstill hold if the
token is eliminatedfrom the output. An abstracttoken can
besafelyeliminatedfrom theoutputtokensetif theresultof
theconcreteoperationappliedto concretevaluescannotbe
abstractedto thatabstractvalue.

For example, considerthe derivation of 7 abs( neg % neg+ in
the Signs AI. We start by assuming 7 abs( neg % neg+ �#
neg % zero % pos& andwe try to prove the following implica-

tions whereneg?(?),+ , zero?(*),+ , andpos?(?),+ arethe predi-

catesfrom the abstractionfunction associatedwith the re-
spective abstracttoken (e.g., pos?(?),+ holds iff '�(X(A+]),+ �# )_^a`b& ).

neg?cedgfXhWi neg?cedkjOhml n neg?c 3 ced_fB6odkjOhoh
neg?ced f hWi neg?ced j hml n zero?c 3 ced f 6pd j hoh
neg?ced f hWi neg?ced j hml n pos?c 3 ced f 6od j hoh

Thetheoremproverestablishesthatthesecondandthird im-
plicationsaretrue for any integer values ) � and ) � . From
this, our tool can infer that the output of 7 abs( neg % neg+
shouldnot include zero or pos, i.e., the output shouldbe#
neg& . Sincetherearethreevaluesin the Signstoken set,

generatingthe definition of a binary operatorrequiresthat
a total of qLr �ZsSt

implicationsbesubmittedto PVS.In our
experience,thesesimpleproofobligationscanalwaysbedis-
chargedcompletelyautomaticallyusingPVS’s“grind” facil-
ity.

If oneis interestedonly in bug-findingandnot in actualver-
ification (i.e., if oneis willing to acceptboth falsenegative
andfalsepositiveerrorreports),thenunsafeabstractionsthat
yieldmorecompactmodelsmaybeused.Forexample,when
checkinga programwith an integer variable that appears
never to hold a negative value, one might usean AI with
a tokenset

#
zero % pos& (whichwouldbeunsafein general).

Abstracting non-BaseTypes
BASL also includesformatsfor specifyingAIs for classes
andarrays.Classabstractionsaredefinedcomponent-wise:
the BASL format allows the user to assignAIs to each
field of the class. The current format doesnot allow the
userto specifyabstractversionsof theclass’s methods.In-
stead,abstractversionsare derived by transformationde-
scribedin Section6. In the BASL array format, the user
specifiesan integer abstractionfor the array index and an
abstractionfor the componenttype. For example, con-
sider an applicationthat keepstrack of information aboutu

widgetsusing an array WidgetInfo wi[k]. If one
wants to verify propertiesabouta particularwidget (e.g.,
thewidgetin arrayposition5), anappropriatearrayabstrac-
tion might involve abstracting(a) the index usingthe token
set

#
belowfive% five% abovefive& , and(b) the componenttype

WidgetInfo usinga classabstractionthe preservesrele-
vant fields from WidgetInfo. In essence,this collapses
the concretearraywi with

u
componentsdown to an ar-

ray awi with threecomponents;the intuition is thatduring
abstractinterpretation,awi[belowfive] will summarize
(i.e.,union)all thewidgetinformationfor theconcretecom-
ponents0 through4, awi[five] will containinformation
for component5, andawi[abovefive] will summarize
all the widget information for the concretecomponents6
through

u
. Manuallycreatedabstractionswith this structure

havebeenusedin earlierwork by Damsonverificationof air
traffic controlsoftware[6].

A Library of Abstractions
After creatinga BASL specification,the usersubmitsit to
anabstractionlibrary managerwhich compilesoneor more
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representationsof theAI (discussedin Section6) andenters
thosev representationsin anabstractiondatabase.During the
processof abstractionselection(describedin the next sec-
tion), theuserbindsoneor morevariablesthatarerelevant
for the propertybeing checked to AIs chosenfrom the li-
brary. A GUI allows browsing of the library which is or-
ganizedby concretetypes:selectingaparticulartypefrom a
list of concretetypesreturnsalist of possibleabstractionsfor
that type. Sincethey aresowidely applied,abstractionsfor
integersarefurtherorganizedinto severaldifferentfamilies
including the range, set, modulo, andpoint familieswhich
wediscussbelow.

A range AI tracks concretevalues between lower and
upper bounds w and x but abstractsvalues less than w
and greater than x by using a token set of the form#
belowl% l %zy�y{y�% u % aboveu& . Both the signsAI and the array

index AI above are trivial rangeabstractionswhere w �x � 0 and w � x �}|
, respectively. A set AI can of-

tenbeusedinsteadof a rangeAI whenno operationsother
thanequalityareperformed(e.g.,whenintegersareusedto
simulatean enumeratedtype). For example,a set AI that
trackstheconcretevalues3 and5 would have the tokenset#
three% five% other& . A modulo-

u
AI mergesall integersthat

have thesameremainderwhendividedby
u
. Theeven-odd

abstractionwith tokenset
#
even% odd& is amodulo-

s
abstrac-

tion. Finally, thetokensetfor thepoint AI includesa single
tokenunknown. Thepointabstractionfunctionmapsall con-
cretevaluesto this singlevalue; this the effect of throwing
away all informationaboutthedatadomain.Eachconcrete
basetype hasa point AI associatedwith it, and theseare
widely usedin situationswherea particularvariable’svalue
hasnosignificantimpacton thepropertybeverified.

5 SELECTING ABSTRACTIONS
Bandera’ssupportfor definitionandreuseof abstractionsas
well astheability to automaticallyintegrateabstractiondef-
initions into the sourcetext (discussedin the next section)
enhancesconfidencein the correctnessof the resultingab-
stractprogram.While correctabstractionis necessary, it is
not sufficient for a practicalsoftwaremodelcheckingtech-
nology. For a given programandproperty, it will often be
necessaryto customizethe abstractionof programdatain
orderto enabletractablemodelchecking.

It is possibleto definea notion of optimal abstractionwith
respectto a program-propertypair, i.e., whereany finer ab-
stractionaddsirrelevantinformationandany coarserabstrac-
tion introducesinfeasiblebehaviors. For example,aprogram
in which the only conditionalsthatx appearsin areof the
form (x==0) or (x>0) would optimally usea signsab-
stractionfor x. Onecouldusearange(0,1)abstractionwhere
theposvalueis decomposedinto oneandaboveone. Bothof
the new valuesyield true for an (x>0) test and falsefor
an (x==0) test just as the pos value did and hencethey
provide no new information. Alternately, one could usea
set(0)abstractionwhich collapsesneg and pos valuesto a

nonzero token. This over-abstractionwith respectto propo-
sition(x>0) runstherisk of introducinginfeasiblepathson
whichapositivevalueappearingatan(x>0) conditionalin
the concreteprogramyields a transitionto the falsebranch
in theabstractprogram.

As illustrated in the above example, the fundamentalten-
sionin selectingabstractionsis betweenadesireto compress
the statespace,via reductionof datadomains,andto pre-
serve datapropertiesthat arerelevant to the propertybeing
checked. We provide tool supportthatallows theuserto fo-
cusattentionon local variablesandclassfields (referredto
simply asvariablesin the sequel)andthe propertiesof the
valuesstoredin thosevariablesthataremostrelevantto the
propertybeingchecked. In addition,we allow usersto de-
fine only theabstractionsthey view asessentialandthenthe
toolscalculateabstractionsfor therestof theprogramdata.

Program Dependence-basedSelectionMethodology
While theuseris freeto makeany abstractionselectionthey
desire,we believe that selectionsshouldbe driven by rela-
tionshipsbetweenthe dataandcontrol pointsmentionedin
thepropertyandthedataandcontrolpointsin theprogram
that caninfluencetheir execution. A methodologythat ex-
ploits suchrelationshipswasintroducedin [7] andconsists
of four steps:

I. Start with point AI: Initially all variablesareabstracted
to point.
II. Identify variables referenced in the property: The
propositionsin thepropertyto becheckedmayreferto vari-
ables(e.g.,aproposition(x>0)). As discussedin theprevi-
oussections,thosevariablesmustbeabstractedin awaythat
preservestheability to decidetheproposition.
III. Selectcontrolling variables: In addition to variables
mentionedexplicitly in thespecification,considervariables
on which they arecontrol anddatadependent.Conditional
expressionsthatreferencethosecontrollingvariablessuggest
additionalvariablesthatshouldbeabstracted.
IV. Select variables with broadest impact: When con-
frontedwith multiplecontrollingvariablesto abstract,select
theonesthatappearmostoftenin a conditional.

This methodologyis supportedin Banderathroughthe use
of two programanalysistechniques: calculationandbrows-
ing of the programdependencegraphandabstracttype in-
ference.

LeveragingProgram DependenceInformation
Banderaincludesa slicing component[10] that calculates
theprogramdependencegraph(PDG)for thegivenJavapro-
gram.Slicing is drivenby thepropositionsin thepropertyto
bechecked(e.g.,for aproposition(x>0) all definitionsof x
wouldbeincludedin theslicecriterion).Thisautomatesthe
secondstepof themethodologydescribedaboveasthevari-
ablesreferencedin theproperty’s propositionsarelinkedto
the correspondingprogramcomponents.Oneconsequence
of slicing is thatall programvariablesthatcannot influence
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int x,y,z;
boolean even;
...
if ((y % 2) == 0) { // conditional 1
even = true;

}
...
if (even && z>0) { // conditional 2

x = x + 1;
}
...

Figure2: AbstractionSelectionExample
thetruthor falsityof thepropositionswill beeliminated.

Banderaprovidestheability tovisualize,navigate,andquery
the programdependencegraph. The basicfunctionality of
this approachwas inspiredby GrammaTech’s CodeSurfer
[8], but hasbeenadaptedfor multi-threadedJava programs
andto serve thepurposeof abstractionselection.

Thevisualizationandnavigationcapabilitiesallow theuser
to designatea statementof interestin theprogramandthen
selectively follow predecessorlinks that correspondto dif-
ferentformsof dependenceincludingdata,control,andsyn-
chronizationspecificdependences[9]. In this way, oncea
userhasidentifieda variablethat is a candidatefor abstrac-
tion they canbrowsethePDGfor variablesthatinfluencethe
candidate’svalue.QueryingthePDGis performedby speci-
fying agroupof programstatementsthatwill formtherootof
asearchin thePDG.Querieswill searchupwardin thePDG
to designatedtargetnodesalongwhateversetof dependence
edgestheuserchooses.Theresultsof a queryarepresented
asa setof pathsin thePDGthattheusercannavigate.

Stepthreeof themethodologyis supportedby a PDGquery
that locatesall conditionalsthat influencethe root of the
searchthroughdataandcontroldependences.Considerthe
programfragmentin Figure 2 wherewe are interestedin
a propertythat refersto proposition(x>0). In this case,
all assignmentsto x would be includedin the rootsof the
search. The resultwill be a setof pathsthroughthe PDG
that connecta sequenceof conditionalsandend in the se-
lectedprogramstatement(e.g.,conditional1, conditional2,
x = x + 1;). From thesepathsit is possibleto iden-
tify variablesthat appearin conditionalsthat directly con-
trol the executionof the statement(e.g.,the definitionof x
is control dependenton the testsof even andz in condi-
tional 2) aswell asthosethat that indirectly control theex-
ecutionof the statement(e.g., the definition of even that
reachesconditional2 is control dependenton the testof y
in conditional1). Furthermore,the query resultsgive the
booleanexpressionsin the conditionalsthat suggestwhich
abstractionshouldbechosenfor thevariablesinvolved(e.g.,
modulo-2for y, signsfor z, andevenremainsunabstracted).
Theseresultsareeasilyprocessedto determinethemostfre-
quentlyoccurringvariablesin supportof prioritizingabstrac-
tion selectionbasedon impactasoutlinedin stepfour of the
methodology.

Checkingand PropagatingAbstract Types
PDG-basedtool supportallows a user to identify a small

set of variablesthat strongly influencethe behavior of the
programrelative to thepropertybeingcheckedandto select
abstractionsfor them. Banderaanalyzesthoseselectionsto
determinewether they are in conflict, i.e., two interacting
variablesareabstractedin incompatibleways,andto deter-
mine the abstracttypesfor the rest of the variablesin the
program.This analysisis performedby executinga typein-
ferencealgorithmthat is adaptedto calculateabstracttypes
for all variables,fields,andexpressionsin theprogram.The
next section,describeshow typeinferenceresultsareusedin
compilingtheabstractoperatordefinitionsinto theprogram
text. Herewe focuson how theresultsof typeinferencecan
beusedto refinetheselectionof abstractionsin theprogram.

Abstractionselectionsconflict whentwo abstractvaluesap-
pearasoperandsin anexpressionandthereis no meaning-
ful way to transferinformationbetweenthosevalues. For
example,if theprogramsketchedin Figure2 hadanassign-
menty = z; it would be flaggedasanabstracttypecon-
flict. Sinceit would be unclearhow to convert a posvalue
for z to anevenor oddvaluefor y. Similarly, if therewere
anothervariablev andwith assignmentsfromy andz in the
program,it wouldbeunclearwetherto abstractv with signs
or modulo-2.While it is possibleto introducecoercionsinto
theprogram,to resolvethefirst problem,andto prioritizeab-
stractions,to resolvethesecond,webelievethatis important
to notify theuserthatabstractionconflictsexist andto give
themtheoptionof adjustingtheirabstractionselections.

As suggestedby theexampleabove, with v, type inference
will calculatethe abstracttype of every programvariable
that is datadependenton variablesfor which the userhas
madeexplicit abstractionselections.Thisprocessalsoiden-
tifies variableswhoseabstractionsare independentof the
explicit selections.Suchvariablesarisebecausethey influ-
encetheprogramthroughcontrolor synchronizationdepen-
dences,ratherthandatadependences,andareconsequently
preservedin theslicedprogram.Theuserhasthreeoptions
in abstractingsuchvariables:abstractthemto the point to
minimize the statespaceof the generatedsystem,abstract
themto their concretetypeto maximizetheprecisionof the
extractedmodel,or chooseabstractionsfromthelibrary. The
first of theseoptionsrepresentssteponein themethodology
describedabove;thelatteroptionsprovideextraflexibility in
selectingabstractions.

6 GENERATING AN ABSTRACT PROGRAM
Generatinganabstractprograminvolvestwo separatesteps.
First, given a selectionof AIs for a program’s datacom-
ponents,the BASL specificationfor eachselectedAI is re-
trievedfrom theabstractionlibrary andcompiledinto aJava
classthat implementsthe AI’ s abstractionfunction andab-
stractoperations.Second,the givenconcreteJava program
is traversed,andconcreteliteralsandoperationsarereplaced
with calls to classesfrom the first stepthat implementthe
correspondingabstractliteralsandoperations.

Compiling BASL specificationsto Java classes
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public class Signs {
public static final int NEG = 0; // bit-mask 1
public~ static final int ZERO = 1; // bit-mask 2
public static final int POS = 2; // bit-mask 4

public static int abstract(int n) {
if (n < 0) return NEG;
if (n == 0) return ZERO;
if (n > 0) return POS;
}

public static int add(int arg1, int arg2) {
if (arg1==NEG && arg2==NEG) return NEG;
if (arg1==NEG && arg2==ZERO) return NEG;
if (arg1==ZERO && arg2==NEG) return NEG;
if (arg1==ZERO && arg2==ZERO) return ZERO;
if (arg1==ZERO && arg2==POS) return POS;
if (arg1==POS && arg2==ZERO) return POS;
if (arg1==POS && arg2==POS) return POS;
return Bandera.choose(7);

}

Figure3: Compilationof BASL SignsAI (excerpts)

Figure3 shows excerptsof Java representationof theBASL
signs specificationin Figure 1. Abstract tokens are im-
plementedas integer values,and the abstractionfunction
andoperationshavestraightforwardimplementationsasJava
methods.Themostnoteworthyaspectof theimplementation
is the representationof set values. Recall from Section3
thatwhenargumentsto anabstractoperatordo not provide
enoughinformationto producea singletokenasa result,a
set of two or more tokens(representingmultiple possible
outputs)is returned. Insteadof representingsuchsetsdi-
rectly (e.g.,asa bit vector),it is commonpracticein model-
checkingandabstractioninterpretationto have theoperator
returna singlevaluenon-deterministicallychosenfrom the
setof possiblereturnvalues. This is valid whenthe mean-
ing of aparticularprogramis takento bethecollectionof all
possibletracesor executionsof the program. In Figure3,
the Bandera.choose(bits) method denotesa non-
deterministicchoicebetweenthetokenvaluesencodedin the
bit-vectorbits. Specifically, Bandera.choose(7) de-
notesa non-deterministicchoicebetweenthe tokensNEG,
ZERO, andPOS. The Bandera.choose methodhasno
definedconcreteexecutionsemantics.Instead,whenBan-
dera compiles the abstractedprogramdown to the input
of given a model-checker, it is implementedin terms of
the model-checker’s built-in constructsfor expressingnon-
deterministicchoice.

Replacingconcreteoperators
Traversinga givenconcreteprogramandreplacingeachop-
erationwith a call to a correspondingabstractversionis rel-
atively straightforward.Theonly challengelies in resolving
which abstractversionof anoperationshouldbeusedwhen
multiple AI’ s areselectedfor a program. This problemis
solved by the abstracttype inferenceprocessdescribedin
theprevioussection:in additionto propagatingabstracttype
informationto eachof theprogramvariables,typeinference
alsoattachesabstracttype informationto eachnodein the
program’ssyntaxtree.For example,considerthecodefrag-
ment(x + y) + 2 wheretheuserselectedvariablex to
have typeSignsandy wasnotselectedfor abstraction.This
codefragmentwill betransformedinto:

Signs.add(Signs.add(x, Signs.abstract(y)),
Signs.POS);

For the innermostconcrete+ operation, the user selec-
tion of signs for x forces the abstractversionof + to be
Signs.add. Assumingnoothercontexts forcey to beab-
stracted,y will hold a concretevalue,andthusa coercion
(Signs.abstract) is insertedthatconvertsy’s concrete
valueto asignsabstractvalue.For theoutermost+, sincethe
left argumenthasanabstracttypeof signs,theconstant2 in
theright argumentis “coerced”at translationtime to a signs
abstractconstant.

Abstracttypeinferenceis implementedby solvinga system
of typeconstraintsandhasadditionalfeaturesthancannotbe
fully illustratedhere.For example,to provide thecapability
for coercionsto resolve conflictsasdescribedin Section5,
it allows theuserto definea latticeof abstracttypesordered
by user-definedcoercions(i.e., anabstracttype " � liesbelow
anothertype " � if acoercionis definedfrom " � to " � ). Such
latticesfor integersgenerallyhaveabottomtypeof concrete
integers(thesecanbecoercedto integerabstraction)andthe
pointabstractionfrom Section3. Thelatticestructuremakes
it possibleto definea notionof best(mostprecise)abstract
typing – this is the typing returnedby the inferencealgo-
rithm.

7 ABSTRACT MODEL CHECK RESULTS
In general, our abstractiontechniquecomputesan over-
approximationof theoriginalprogram.Thus,whena speci-
ficationis truefor theabstractedprogram,it will alsobetrue
for the concreteprogram. However, if the specificationis
falsefor theabstractedprogram,thecounterexamplemaybe
theresultof somebehavior in theabstractedprogramwhich
is notpresentin theoriginalprogram.

We implementeda simpletechniquethat helpsin interpre-
tationof resultsin thepresenceof abstractionandrefinment
guidedby counterexamples.Theapproachexploits the fol-
lowing theoremfrom [19]: Everypathin theabstractedpro-
gramwhereall assignmentsaredeterministicis a pathin the
concreteprogram.

We enhancedtheJPFmodelchecker with anoptionto look
only at pathsthatdo not refer to instructionsthat introduce
nondeterminism(i.e. choose). Whenthenext instructionin-
troducesnondeterminism,thesearchalgorithmof themodel
checker backtracks.Thetheoremensuresthatthepathsthat
arefreeof nondeterminismindeedcorrespondto pathsin the
concreteprogram.It follows that if a counterexampleis re-
portedthenit representsa realcounterexample(i.e. it canbe
matchedby acomputationin theconcreteprogram).

Consider an abstractedprogram (whose state space is
sketchedin figure 4) andthe invariantproperty

� �
. White

circlesrepresentstateswherepredicate
�

holds,while black
circlesrepresentstateswhere

�
is false.Dashedlinesrepre-

senttransitionsthatreferto choose, while solid linesreferto
instructionsotherthanchoose. Model checkingon choose-
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Figure4: Modelcheckingonchoose-freepaths

freepathswill reportonly theerrorpath1-3-6,althoughpath
1-2-4leadsto astatethatinvalidatestheproperty(andit may
correspondto anexecutionin theconcreteprogram).

We note that our techniquecould be implementedin any
model checker, but the designof JPFmadethis modifica-
tion particularlyeasy. JPFis essentiallya special-purpose
JVM that interpretseachbytecodein thecompiledversion
of a Java program.Sincechooseoperationsarerepresented
asstaticmethodcalls, trappingandprocessingthoseopera-
tionsspeciallyonly requiredmodificationof thecodefor the
staticmethodinvocationbytecode.

Our methodologyof model checkingand refinementis as
follows. Theinput (concrete)programandthespecification
areabstractedusingabstractionsfrom a library, andverified
usinga modelchecker. If the result of modelcheckingis
true,thenthespecificationis truefor theconcreteprogram.
If theresultis false,thegeneratederror tracehasto beana-
lyzedtoseeif it doesnotcorrespondtosomespuriousbehav-
ior introducedby abstractions.Insteadof trying to matchthe
error traceto a concretecomputation,we re-runthe model
checker to searchonly choose-freepathsin themodel.If the
modelchecker finds an error tracethena guaranteedfeasi-
ble counterexampleis reported.Otherwise,theabstractions
aretoo coarseandthecounterexamplefrom the first model
checkis usedto guidethe(re)selectionof abstractions.

8 AN EXAMPLE
We have appliedour abstractiontools to a variety of small
Java programs. In this section,we describehow our tools
enabledanalysisof a complex propertyof a medium-sized
multi-threadedJavaprogram.

The HoneywellDEOSOperating System
The DEOS systemis a micro-kernel basedoperatingsys-
tem designedto provide both time and spacepartitioning
for applicationsrunning on it. This systemhas beenthe
topicof severalrecentsoftwaremodelcheckingexperiments
[17,20,21] andwe choseit partly asa meansof comparing
resultsonanidenticalproblem,andalsoasa significanttest
casefor thefeasibilityof ourmethods.

As describedin [20], thesystemconsistsof morethan1000
linesof C++ code.To applyexisting softwaremodelcheck-
ing toolstheC++codewastranslatedtoJava;thiswasnearly
a direct rewriting of the C++ codesinceit waswritten in a
”safe”stylethatavoidedpointerarithmetic.To analyzeprop-

ertiesof this Java versionof DEOSkernel,additionalcode
waswrittento simulatethebehavior of userapplicationsand
thehardwareenvironment(e.g.,a tick generatorthreadsim-
ulatesa hardware clock for time relatedprocessingin the
kernel). The DEOScodewasknown to have an extremely
subtlebugrelatedto timepartitioning.Thatpropertyis ”that
all applicationprocessare guaranteedto be scheduledfor
their budgetedtime during a schedulingunit”. While it is
possibleto encodethis propertyasanLTL formula,for this
examplethepropertywasencodedasamethodthatobserves
thestateof thekernelandassertsthatbudgetsareallocated
in eachschedulingunit. Calls to this methodare inserted
whenever the kernelschedulesan applicationprocess;this
guaranteesthedetectionof propertyviolations.

TheJavaimplementationof DEOSandits environmentcode
constitutesa non-trivial multi-threadedJava application;it
measures1443linesof code,spreadover 20 classes,with a
total of 91 methods,41 instancefields,and51 staticfields.
Theprogramconsistsof 6 threadsat run-time.Modelcheck-
ing of thesystemis infeasiblegivencurrenthardwarelimita-
tions; it is unclearexactly how largethesystemsstatespace
is, but we know that it exceedsfour gigabytes.Thus,some
form of abstractionis neededto reducethe statespaceto a
tractablesize.Theauthorsof [21] describetheapplicationof
predicateabstractionto aversionof theDEOSkernelwritten
in Promela,SPIN’s [11] modelinglanguage,andtool sup-
port for applyingpredicateabstractionto theJava versionis
underdevelopment.We describehow Bandera’s type-based
abstractioncanbeappliedto theJavaDEOSkernel.

Abstraction Selectionand Compilation
Thefirst stepis to applyprogramslicing to eliminateirrele-
vantprogramcomponents.TheJavaDEOSkernelis derived
from a versionof the C++ codethatwasalreadysliced,by
hand,to make inspectionof thecodeeasier. Consequently,
whenweslicetheprogramwith thepropertyviolationasser-
tionasthecriterionthereisverylittle reduction.Thisprocess
does,however, calculatethePDGwhich is usedto identify
candidatevariablesandfieldsfor abstraction.

QueryingthePDGfor potentialcandidatesresultedin 42 in-
fluencingpathsbeing identified; the longestsuchpathhad
5 control dependenceedges,which identify conditionalsof
interest,aswell asseveraldatadependences.It is important
to notethatmany of the42 pathssharesomecommonsub-
paths,e.g.,thepathof length5 overlapswith its prefixesof
length4, 3, 2 and1 control dependence,so the quantityof
pathscould be reducedby further processing.In total, the
queryresultsidentified29 differentconditionalexpressions
spreadacross16 methodsthat influencetheassertionstate-
ment; 32 different local variables,instanceor static fields
appearedin thoseconditionals.

Within an hour we were able to analyze this informa-
tion and identify one conditionalthat appearedat the root
of multiple paths. Figure 5 shows that conditional (i.e.,
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class Thread {
public void startThread(...) {
...

itsLastExecution = itsPeriodicEvent.currentPeriod();
itsLastCompletion = itsPeriodicEvent.currentPeriod();

}
public void startChargingCPUTime() {
int cp = itsPeriodicEvent.currentPeriod();
...
if (cp==itsLastExecution) {
...

}
int itsLastExecution, itsLastCompletion;
...

}

class StartOfPeriodEvent {
public void pulseEvent(...) {
countDown = countDown - 1;
if ( countDown == 0 ) {
itsPeriodId = (itsPeriodId + 1);

...
}
public int currentPeriod() {
return itsPeriodId;

}
private StartOfPeriodEvent(...){
...
countDown = 1;
itsPeriodId = 0;
}
int itsPeriodId, countDown;
...

}

Figure5: Fragmentsof Java DEOSCode

cp==itsLastExecution). Tracing the data depen-
dencesfrom that conditional through the local variable
cp, instancefield itsLastExecution, andthe method
calls to itsPeriodicEvent.currentPeriod(), we
foundthattheitsPeriodId instancefield of theThread
classis thesourceof thevaluesusedin thatconditional.Nav-
igatingthedatadependencesfor itsPeriodId showsthat
thereareonly two definitionsof this field: anassignmentto
zeroandanincrement.Thismeansthatthevariableis effec-
tivelyunboundedandthatabstractingit toafinitedomainhas
thepotentialtosignificantlyreducethestatespaceof thepro-
gram.Wenoteherethattheapplicationof predicateabstrac-
tion to thePromelaversionof DEOSdescribedin [21] iden-
tifies thissamevariableasbeingproblematic.Theiranalysis
exploits someratherdeepinsightsinto the designand im-
plementationpatternsusedto efficiently implementcertain
featuresof the DEOS system. In contrast,our analysisis
lessapplicationspecificrelyingonly on analysisof program
syntaxanddatadependences.

Sincetheconditionalinvolvesanequalitytestwe lookedat
the assignmentstatementsto help identify useful abstrac-
tions for itsPeriodId. We chosethe signsabstraction
which allows the initial value,0, to be distinguishedfrom
all subsequentincrementedvalues. It shouldbe notedthat
this is anextremelyweakabstractionfor thepurposeof this
conditionalsinceany posvaluesflowing into the test may
be equalor not; a non-deterministicchoicewill be usedto
modeltheconditionalin thatcase.

Type inferencewasinitialized with a singletypebindingof
signs to itsPeriodId. With a single setting, type in-

ferencewill find no conflicts and its purposeis to prop-
agateabstracttype information throughout the program.
For the Java DEOS code type inferencedeterminesthat
the local cp and instancefields itsLastCompletion
anditsLastExecution in classThread mustalsobe
signsabstrated.The rest of the program’s fields andvari-
ablesare free to be boundto any desiredtype; we chose
to leave them as their concretetypes. We note that the
useof predicateabstractionin [21] did not treat the field
itsLastCompletion; this wasdue to the fact that ab-
stractionwasperformedby hand. In thatcase,overlooking
itsLastCompletion did not affect theability to detect
thetimepartitioningrelateddefect;it does,however, empha-
sizetheneedfor automatedsupportin programabstraction.

Abstract Model Checks
Onceabstracttypeswereinferred,Banderageneratedtheab-
stractprogramwhich is verysimilar to theoriginal program
except that all operationsappliedto signsabstractedfields
andvariablesare implementedwith the abstractoperations
(e.g.,for +, ==).

The abstractJava programwas fed to JPF which finds a
counter-example;we could just aseasilyhave usedanother
modelchecker suchasSPIN.At this point we suspectthat
thetoolshave foundthetime partitioningdefect.It maybe,
however, that the abstractionshave introducebehaviors in
the abstractprogramthat areinfeasiblein the original pro-
gramandthatsucha behavior violatesthetime partitioning
property. Sincethecounter-exampleconsistsof a sequence
of 464statements,its analysiswouldbetimeconsumingand
we chooseto rerunJPFusingtheoptionto searchfor feasi-
ble counter-examples.It findsone,which is 318stepslong,
thatdoesillustratethedefect.

We notethat for this non-trivial Java programall of thedif-
ferenttool componentsexecutedin undera minute,whereas
modelcheckingtheoriginal programnever completes.This
is strongevidencethattool-supportedabstractioncansignifi-
cantlyexpandthesizeandcomplexity of programsfor which
modelcheckingis practical.

9 RELATED AND FUTURE WORK
We have discussedfoundationaland program-orientedab-
stractionrelatedwork in thebodyof thepaper. Herewe link
ourapproachto work on transition-systembasedtechniques
from theverificationcommunity.

Ourstrategyof applyingabstractionsin verificationissimilar
to [3], whereexplicit abstractionmappingsoverthedomains
of theprogramvariablesareusedfor generatinganabstract
model. While in [3], the userhasto provide the abstrac-
tion mapping,togetherwith theabstractoperations,we infer
themautomaticallyfrom agivensetof predicatesusingpred-
icateabstraction[18]. Unliketheapproachdescribedin [18],
weusepredicatesto abstractoperatordefinitionsratherthan
completetransitionsystems.Predicateabstractionhasbeen
adaptedto programcode[21] andwe view the questionof
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how to combineour type-basedapproachwith predicate-
based� approachesfor programabstractionasan interesting
researchtopic. Onedirectionwe arepursuingis to maintain
multipleabstractvariablesfor a givenconcretevariable.We
have alreadyexploredextensionsto BASL to accommodate
this.

Our approachto interpretingcounter-examplesis efficient,
but it canmisscounter-examplesonwhichnon-determinism
occurs.Otherapproaches,suchasthosebasedon symbolic
execution[1] andtheoremproving [2], aremoreexpensive
but morecompletealternatives. We planon pursuingcom-
parisonsbetweentheseapproachesto understandthe cost
andprecisiontradeoffs.

10 CONCLUSIONS
We describedacollectionof programanalysesthataidusers
in abstractingJava programsto reducethecostof reasoning
aboutprogrampropertiesusingmodelcheckingtechniques.
We presentedanoverview of theBanderatoolset’s abstrac-
tion capabilitiesanddiscussedhow they enabledcheckingof
propertiesof amedium-sizeconcurrentJavaprogram.

Onecontribution of this work is the developmentof struc-
turedandnavigablevisualizationsfor exploiting intermedi-
ateresultsof programtransformationcomponentsto guide
theuserin decidinghow to abstracta program.In addition,
weadaptedseveraltechniquesfrom abstractionof transition
systemmodelsfor usein abstractingprogramsourcecode.
Banderaprovidestwo waysto encodeabstractionsinto the
program.Thefirst encodesabstractoperatordefinitionsdi-
rectly into amodelchecker’sinputandthesecond,described
in this paper, transformsthe program’s sourcecodeto in-
corporatedefinitionsof abstractoperators.This allows our
programabstractionapproachto beusedby any tool thatop-
eratesonJavacode.Wehaveimplementedanddoneprelim-
inary experimentswith a methodfor producingguaranteed
feasiblecounter-examplesin modelchecksof abstractpro-
grams.The maincontribution of our work, however, is the
integrationof thesedifferenttechniquesinto a coherentpro-
gramabstractiontoolsetthathastheability to greatlyextend
the rangeof programsto which modelcheckingtechniques
canbeeffectively applied.
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